Lifespan and fecundity, the main components in evolutionary fitness, are both strongly affected by nutritional state. Geometric framework of nutrition (GFN) experiments has shown that lifespan and fecundity are separated in nutrient space leading to a functional trade-off between the two traits. Here we develop a spatially explicit agent-based model (ABM) using the GFN to explore how ecological factors may cause selection on macronutrient appetites to optimally balance these life-history traits. We show that increasing the risk of extrinsic mortality favours intake of a mixture of nutrients that is associated with maximal fecundity at the expense of reduced longevity and that this result is robust across spatial and nutritional environments. These model behaviours are consistent with what has been observed in studies that quantify changes in life history in response to environmental manipulations. Previous GFN-derived ABMs have treated fitness as a single value. This is the first such model to instead decompose fitness into its primary component traits, longevity and fecundity, allowing evolutionary fitness to be an emergent property of the two. Our model demonstrates that selection on macronutrient appetites may affect life-history trade-offs and makes predictions that can be directly tested in artificial selection experiments.
Introduction
Lifespan and fecundity are arguably the fundamental determinants of evolutionary fitness [1] . In many cases, these traits cannot be maximized simultaneously. Understanding how longevity and fecundity are traded off against one another lies at the heart of research into life-history evolution, senescence, longevity and ultimately the biology of ageing [2] . Any correlated evolutionary response between lifespan and fecundity will be affected by trade-offs at the levels of genes, the phenotypic trait values and the interconnecting physiology [2] . Genetic trade-offs occur when there are negative correlations among the effects of genes on the values of each trait. Genetic trade-offs mean that ultimately the response to selection is constrained, and evolution cannot maximize both traits concurrently. Antagonistic pleiotropic effects are arguably the most well-described cause of genetic trade-offs between fecundity and lifespan and occur when variants that increase early-life fecundity cause poorer late-life health [3, 4] . While genetic variation and associated correlations govern evolutionary responses, selection only ever 'sees' the phenotype. Thus, for a negative genetic correlation to translate to differences in fitness between strategies, it must manifest as differences between the phenotypic values of fecundity and lifespan of different individuals [2] . It is thus through the intermediary level of physiology (and its interactions with the environment) that genetic values for traits translate to phenotype.
Historically, evolutionary explanations for a lifespan -fecundity trade-off at the physiological level have been based on disposable soma theory. Under disposable soma theory, a finite resource pool must be allocated between competing requirements of somatic maintenance (i.e. lifespan) and reproductive output (i.e. fecundity) [5, 6] . Different life-history strategies occur due to differences in the fraction of resources diverted to each trait. In this context, genetic variants selecting for greater allocation of resources to one trait may be viewed as having antagonistic pleiotropic effects.
More recently, evidence has emerged that trade-offs among phenotypic trait values for lifespan and fecundity may manifest due to the physiological effects caused by different macronutrient states [7] [8] [9] . These insights have been yielded by studies using the geometric framework of nutrition (GFN) [10, 11] . Using the GFN, the nutritional state of an individual can be represented as a point within an n-dimensional 'nutrient space' (figure 1a). GFN experiments that confine organisms to chemically defined diets show that different life-history traits are maximized at different locations in the nutrient space [7-9,12-14] (e.g. figure 1b ). For example, in fruit flies (Drosophila melanogaster), higher carbohydrate intake is associated with greater longevity but reduced fecundity, while relatively higher protein intake maximizes egg production rate with reduced lifespan [7, 15] . Consistent with the predictions of the life-history theory [2] , when given a choice to self-select a dietary composition female Drosophila selected foods so as to maximize lifetime egg production [7] . Similar patterns appear in mice (Mus musculus), field crickets (Teleogryllus Commodus) and Queensland fruit fly (Bactocera tryoni) [12] [13] [14] . Where this lifespan-fecundity trade-off exists across nutrient space, genetic variants that affect the regulated nutritional state by changing the 'intake target' (figure 1a) may be thought of as having antagonistic pleiotropic effects.
The optimal strategy for balancing life-history traits so as to maximize fitness can vary across environments as a result of differing ecological pressures [2] . For example, in an environment where age-specific extrinsic mortality is high in adults relative to juveniles and this mortality is not linked to an animal's condition, it has been theorized that it is better to increase fecundity rather than longevity [16, 17] . This is because reproductive strategies contingent on a long . The slope of the rail equates to the ratio of carbohydrate to protein (C : P). Food a has a C : P of 2 : 1. Food b has a C : P of 1 : 2. To reach the intake target (IT, black dot, C : P of 1 : 1), the individual must consume equal parts of food a and food b. For example, after eating food a, the individual reaches the nutritional state (NS) denoted by the grey dot. By eating food b, the individual would progress along the arrow towards the IT. (b) A simple representation of the trait landscapes for longevity and fecundity used within the model. Lifespan and reproductive traits are maximized in different locations in nutritional space; in this example, longevity is maximized at a low P : C ratio (blue) and fecundity is maximized at a high P : C ratio (red). The two-dimensional Gaussian that represents the longevity landscape is
2 )) and that for fecundity is
2 )) . (c) A trait landscape based upon empirical measurements of Drosophila. The two-dimensional Gaussian that represents the longevity landscape is L(x,y)
lifespan are likely to fail as the probability of early death due to extrinsic causes increases, and so in risky environments selection favours early prolific reproduction [17] . Experimental and field studies support this hypothesis. In experiments manipulating the level of predation, both fruit flies and guppies (Poecilia reticulata) subjected to high-predation treatments show an increase in fecundity and a decrease in lifespan [18, 19] . Comparative studies on birds also show that species experiencing higher predation have shorter maximum lifetimes and higher clutch sizes [20, 21] . Given that different life-history traits tend to be maximized in separate locations in nutrient space, where an environmental change favours a differing optimal trade-off, changes in that trade-off could be mediated by the evolution of the intake target. That is to say, we might predict that intake targets should evolve to a point such that the macronutrient state of organisms optimally balances life-history traits to suit a given environment. We explored the concept of nutritional state-mediated life-history trade-offs using an agent-based model (ABM). ABMs are simulations that explicitly represent individuals along with their states such as location, nutritional state, age and associated interactions with the environment [22] . Importantly, ABMs may use the GFN to explore interactions between nutritional state and foraging behaviour [23] . Several such models have previously been developed [24] [25] [26] [27] . However, none of these models have explicitly decomposed fitness into its component life-history traits. Here we describe a GFN-based ABM in which the fitness-determining traits of longevity and fecundity are modelled as separate trait landscapes and with maximal values at different positions in the nutrient space (e.g. figure 1b ). We then explore whether the intake target can evolve in response to ecological factors hypothesized to affect the trade-off between longevity and fecundity. As discussed above, it is well established that extrinsic mortality is expected to alter the optimal trade-off between longevity and fecundity in favour of fecundity [21, 28] . Thus, we predict that increases in extrinsic mortality will alter the intake target in favour of protein.
Model
In the model, individual animals are represented by agents, which have a nutritional state given by a coordinate in a two-dimensional space representing the macronutrients protein and carbohydrate (e.g. figure 1a ). An agent's longevity is maximized at a high-carbohydrate, low protein, nutritional state and vice versa for fecundity (e.g. figure 1b ). Agents alter their state by eating the available foods and regulate food intake to meet a target state which is evolvable. We then evaluate how the rate of extrinsic mortality, an ecological pressure that has been hypothesized to alter the optimal trade-off between longevity and fecundity, alters the intake target of a population of agents. In this way, our simulation evaluates how ecological factors alter life-history strategies, by indirectly imparting selection on the appetite for macronutrients (the intake target). The ABM is spatially explicit, and we explore how these processes are affected by the spatial distribution of nutrients.
Overview, design concepts and details
We now give a full technical description of our model using the overview, design concepts and details (ODD) protocol for ABMs [29] [30] [31] . This protocol aims to make the model description more understandable and complete. It should also aid in the reproducibility of the experiment as all elements of the model are explained in detail. For these reasons, this protocol has been used for ABMs in fields ranging from ecology [32] to chemical science [33] . The model itself was written in CUDA Cþþ to use the high throughput available from graphics processing units (GPUs).
Overview

Purpose
The model has been developed to explore how ecological factors may cause an organism's appetites for different macronutrients to evolve so as to optimally trade-off reproductive lifespan and fecundity. Each life-history trait is maximized at a different intake of macronutrients (figure 1b). Accordingly, altering the relative intake of nutrients is associated with different life-history strategies. Fitness is an emergent property of the two traits.
Entities, state variable and scales
The entities in this model are agents and food patches. We consider agents are generic, thus agent states are unit-less. Agents have a nutritional state which is modelled using the GFN and is represented by a coordinate giving their location in nutrient space. An agent's state moves as a function of the foods it eats, and the nutrients it expends. Agents have an individual intake target which is a point in nutrient space, to which they attempt to regulate their nutritional state. Agents inherit their intake target from their parent with a minor mutation, thus under the presence of selection, the intake target evolves over many generations to reach an optimum value. Following abundant earlier experimental work indicating the utility of models incorporating two macronutrient dimensions (typically protein and nonprotein energy, e.g. see [11] ), the nutrient space is twodimensional, including dimensions which broadly represent protein and carbohydrate. Agents have an age of maturity, after which they can reproduce asexually and senesce. The agent's nutritional state affects its likelihood of dying and reproducing on a given time step. The model also contains a fixed probability of extrinsic mortality, which is unrelated to an agent's state.
The ABM is spatially explicit; agents have a position in physical space affecting the food that they can access. Agents move through the environment with a set speed and variable direction. Food patches have a nutritional content which is a pair of values that sum to 1 representing the ratio of protein and carbohydrate present in the cell (equivalent to a 'food rail' in the GFN). Agents must consume macronutrients at the ratio of the food patch on which they are located (figure 1a). Patches also have an abundance which represents how much food is present. The landscape is made up of 64 Â 64 grid with wrapping at its edges. The modelling time step is one iteration and a typical simulation runs for eight million iterations, which we determined to be an adequate number of generations for an optimal stable state to evolve (figure 2).
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Process overview and scheduling
The model includes the following actions that are executed in the presented order. Each action is performed simultaneously by all relevant entities. An overview is shown in figure 3a , details of these actions can be found in the Details section.
Foraging
Agents select a nearby food cell and set their direction of movement.
Eating
If there is food in their current cell agents may choose to eat, moving their nutritional state through nutrient space in a trajectory governed by the nutrient content of the food. Agents pay a metabolic cost regardless of whether they eat, which decreases their nutritional state.
Nutrient abundance update
Food patches decrease their abundance based on agent intakes. Food patches with zero food regrow to maximum abundance with a fixed probability.
Movement
All agents move their position in physical space by their velocity.
Death
Agents have a probability of dying, which is a function of nutritional state and extrinsic mortality.
Reproduction
Mature agents have a probability of clonally reproducing themselves with slightly modified traits. The probability is a function of nutritional state. Agents reproduce over the entirety of their adult life, i.e. agents have no post-reproductive lifespan.
Design concepts
Basic principles
The model allows the intake targets of the population to evolve through random mutations when inherited by offspring. The intake target affects the nutritional state of agents, which in turn governs the trade-off between competing traits, namely fecundity and longevity. Accordingly, we explore how intake targets can evolve in response to environmental selection pressures.
Emergence
The primary emergent property of the model is fitness, which is an emergent property of longevity and fecundity, and the environment. Fitness is maximized at a nutritional state that optimally trades-off lifespan and fecundity. The optimal state is ultimately determined by ecological pressures imposed by the environment.
Adaptive behaviour
The adaptive behaviour of agents is their decision about which food patches to move to and how much of a food to eat. Nutritional decisions are based on current and future nutritional state should they eat the given food.
Objectives
Agents aim to minimize the distance between their nutritional state and intake target.
Sensing
Agents are able to sense the amount of food in immediately adjacent cells and the nutritional value of that food.
Interaction
There are two kinds of interaction: between agents and the food patches, and among the agents. The agents interact directly with the environment by eating food from the patches, increasing their nutritional state and decreasing the available food. Among-agent interactions are indirect and mediated by the foods they compete for. 
Stochasticity
When the model is initialized, the agents have uniformly distributed intake targets and physical positions. During foraging, the agents select a food randomly but weighted towards foods that will minimize the distance between their nutritional state and their intake target. Agents select whether or not to eat the food in their cell probabilistically, reflecting imprecision in decision-making. Food that has been completely consumed has a probability of regrowing at each environmental update step. parent's intake target plus a random shift, drawn from a random normal-distribution, representing random genetic mutations (details below).
Observation
The distribution of intake targets and nutritional state within the population is recorded throughout.
6. Details
Initialization
The food cells are initialized according to the particulars of the experiment performed (see below). Ten thousand agents are randomly positioned uniformly over the physical space and each one is given a random intake target with P and the C values uniformly distributed between 0 and 2. The nutritional state of each agent is initialized to (0, 0) and its age is 0. A complete list of model parameters can be found in electronic supplementary material, table S1.
Sub-models 6.2.1. Foraging
Agents compute a nutritional score for each of their eight neighbouring cells and current cell. The score S is computed based on the 'distance' of certain nutritional states D( N). For this model, the distance of a nutritional state for agent i is equal to its Euclidean distance from agent i's intake target given in equation (6.1):
where N Ti is the nutritional target of agent i. It is important to note that this distance function can be any function of nutritional state. The score for a food f for an agent i is given by equation (6.2)
where N i is the agent's current nutritional state which varies from 0 to 2 in both dimensions, N f is the nutritional content of food f which varies from 0 to 1 in both dimensions, if a cell is empty then N f ¼ (0, 0), this can occur if the cell contains no food or if there is no food available. The constants present in the equation are: b which represents the accuracy of the agent's nutritional decision-making which was set to 10 for these experiments, m which is the metabolic cost in protein and carbohydrate that each agent pays per eat step which was set to (10 24 , 10 24 ), and b which is the bite size of the of the agent which was set to 10 23 . This equation mimics a behaviour whereby organisms beeline towards the intake target then hover around it. After calculating the scores of the nearby cells, the agent then selects a target cell probabilistically, weighted by the score of each cell. The agent's movement vector changes direction to point towards the centre of the selected cell with a maximum turning angle of u, in this case, 0.2 radians.
Eating
Each agent eats from its current food patch N f with probability
a food an agent can eat in one time step. Regardless of whether it chooses to eat, its nutritional state also decreases by the metabolic cost m. This process is given in equation (6.3) :
where N f is (0,0) if the agent chooses not to eat or if its cell contains zero or less abundance.
Nutrient abundance update
Each cell counts the number of agents present within it that are eating and reduces its abundance by this amount. If its abundance is less than zero, then there is a probability that the abundance is reset to its starting value (here 2000). The time taken to respawn is uniformly distributed over [0, 1000] time steps.
Movement
All agents first adjust their velocity by some noise factor h.
where V old is the current velocity (including adjustments due to foraging) and j is a random unit vector. h is calculated as h ¼ h max À K Á D with a minimum value h min , K is the weighting effect of distance with a value of 0.25 and D is calculated from equation (6.1). For these experiments, h min was 0.01 and h max was 0.5. V new is the normalized resulting vector multiplied by the speed of the agent s which is 1/25th of the width of a cell for these experiments. This mechanism is the same as that used by Lihoreau et al. [34] and causes the agent to meander while close to the intake target and move in straighter paths further from its intake target.
Death
Agents have a probability of dying that is based upon their age, nutritional state and level of extrinsic mortality. The probability of death is given in equation (6.4):
,
ð6:4Þ
where the age of maturity is 4000, p J is the juvenile rate of extrinsic mortality which is 10 24 and p A is adult extrinsic mortality which varies from 0 to 2 Â 10 24 . L( N a ) is the value of the longevity trait at the position N a in nutrient space. The shape of the longevity trait landscape is a twodimensional Gaussian parametrized based on the experiment ( figure 1b,c) . If an agent dies, it is removed from the simulation.
Reproduction
Agents greater than the age of maturity have a probability of reproducing which is a function of nutritional state F( N a ). The shape of the fecundity trait landscape is a two-dimensional Gaussian parametrized based on the experiment ( figure 1b,c) . If an agent reproduces, a copy of the agent is added to the simulation. This copy has the same physical royalsocietypublishing.org/journal/rsif J. R. Soc. Interface 16: 20180733 position, but its nutritional state is (0, 0) and its age is 0. The offspring's intake target is equal to the parent's intake target plus a mutational deviation as given in equation (6.5):
where X and Y are normally distributed random variables with a mean of zero and a standard deviation of 0.01.
Simulation experiments and results
We represent the trade-off between two traits as a onedimensional value which is a function of the two trait landscapes and position in nutrient space. It is defined as in equation (7.1):
where f and l are functions over nutrient space and x is a position in nutrient space. The more positive the trade-off value the more that nutritional state favours the trait represented by function f (here fecundity). The more negative the trade-off value the more that nutritional state favours the trait represented by function l (here longevity).
In our model, we represent the rate of extrinsic (i.e. nonnutritional) adult mortality by giving agents past the age of maturity a flat probability of dying on every iteration. We can simulate a variable risk of dying due to some environmental/ecological factor (e.g. predation pressure) by altering this value. We explored evolutionary responses to four different levels of extrinsic mortality pressure varying from zero to high (no p A ¼ 0, low p A ¼ 5 Â 10 À5 , medium p A ¼ 10 À4 and high p A ¼ 2 Â 10 À4 ). To test for robustness of the result, this is examined in two different trait landscapes: one simple trait landscape which is symmetric between protein and carbohydrate (figure 1b) and one which is based upon empirical data on the trait landscapes of fruit flies [7] (figure 1c). Both landscapes have the maximums of fecundity and longevity separated in nutrient space.
Based on the hypotheses from life-history theory outlined in the introduction, fecundity should be favoured over longevity in higher extrinsic mortality environments. If macronutrient appetites can evolve to optimally trade-off life-history traits, we predict intake targets will evolve such that agents have a nutritional state that is more fecundity-biased in higher extrinsic mortality environments.
In the ABM, intake targets evolve quickly initially, and the rate of change decreases until it reaches a steady state value, around which the population oscillates randomly. This takes around four million iterations with the model parameters used in these experiments (figure 2). All the presented results are agent averages between iteration four million and eight million.
Experiment 1
We begin by simulating evolution under a uniform simple environment. Here each cell alternates between protein and carbohydrate in a checkerboard pattern which is homogeneous over the entire environment (figure 3b). This pattern means that at any point agents have a choice between protein and carbohydrate and the choices present are the same for all agents regardless of their position.
In figure 4a , we show the mean intake target for 10 replicates for each of the four extrinsic mortality levels with simple trait landscapes; the degree of adult external mortality affected the intake target evolved by the agents. When extrinsic mortality was lowest, the intake target was longevity skewed (mean trade-off ¼ 20.420 + 0.003; figure 4b), whereas when extrinsic mortality was highest, the target was fecundity skewed (mean trade-off ¼ 0.760 + 0.008; figure 4b). Figure 4c shows the mean nutritional state of agents at maturity (based on 10 replicates) under the four different extrinsic mortality levels. The different intake targets translated to different average nutritional states of the mature agents (figure 4c). Average adult nutritional state of agents in the low extrinsic mortality environment (mean trade-off ¼ 20.0473 + 0.0003; figure 4d ) was more longevity focused than that in the high extrinsic mortality environment (mean trade-off ¼ 0.092 + 0.001; figure 4d) .
Similar patterns were also observed in the simulations using the asymmetric trait landscapes based on GFN studies in fruit flies [7] . The degree of external mortality affected the evolved intake target (figure 4e). The trade-offs these different targets represented were also well separated (figure 4f ). The no extrinsic mortality environment had a greater longevity focus in intake target and nutritional state (mean tradeoff ¼ 20.067 + 0.004 and 21.8228 + 0.0002 for intake target and state, respectively; figure 4g) than did the high extrinsic mortality environment (mean trade-off ¼ 0.389 + 0.007 and 20.809 + 0.001 for intake target and state, respectively; figure 4h).
To demonstrate that the intake targets evolved by the agents in a given environment were adaptive, we initialized simulations with four sub-populations, each with one of the mean evolved intake targets observed under the four mortality regimes above. Intake targets were not allowed to evolve during this experiment (i.e. the SD of X and Y in equation (6.5) set to 0). We then looked at which subpopulation outcompeted the others in environments of differing extrinsic mortality. Figure 5 shows the proportion of the whole population with each intake target as a function extrinsic mortality and time. With the simple symmetrical trait landscape (figure 5a-d), agents who had evolved in an environment with the same level of external adult mortality as that in which they were placed, always outcompeted agents who had evolved in an environment with a different level of external adult mortality. The results were qualitatively similar in the empirically derived trait landscape (figure 5e-h), albeit not quite as pronounced because the difference in evolved intake targets between populations was smaller.
Experiment 2
In Experiment 1, agents had free access to both nutrients. To test whether the model's behaviour is specific to homogeneous environments, we next explored the effect of extrinsic mortality on intake target evolution in heterogeneous environments with random nutrient distributions. Each environment has approximately 25% protein, 25% carbohydrate and 50% empty space; however, the spatial distribution is randomized between runs (e.g. figure 3c ). With this experiment, we compare only zero extrinsic mortality and high extrinsic mortality (no p A ¼ 0 and high 
. In all cases, we assume a checkerboard spatial environment (figure 3b). (Online version in colour.)
), but again compare across the two trait landscapes as in experiment 1.
Within the simple trait landscape, the intake targets and nutritional states were well separated between the environments ( figure 6a,c) . The intake target trade-off was very slightly fecundity skewed (mean trade-off ¼ 0.02 + 0.03) in the zero extrinsic mortality environment and significantly fecundity skewed (mean trade-off ¼ 0.80 + 0.03) in the high extrinsic mortality environment (figure 6b). Nutritional state was similarly distributed with a slight fecundity skew (mean trade-off ¼ 0.04 + 0.01) in the zero extrinsic mortality environment and large fecundity skew (mean trade-off ¼ 0.44 + 0.02) in the high extrinsic mortality environment (figure 6d).
The same trends were apparent when using the more empirically derived trait landscapes. That is, the intake Figure 5 . Change in the frequency of four populations (20 000 agents per population) with intake targets that had evolved in response to no, low, medium and high levels of extrinsic mortality placed in a common environment with (a,e) no extrinsic mortality, (b,f ) low extrinsic mortality, (c,g) medium extrinsic mortality, (d,h) high extrinsic mortality. In (a -d), we assume a simple trait landscape (figure 1b). In (e -h), we assume a trait landscape based on Drosophila ( figure 1c) . In all cases, we assume a checkerboard spatial environment (figure 3b). 6h ). Within the empirically derived trait landscape, there is a peak at a nutritional trade-off value of 22 (figure 6h). This peak is caused by agents that have only eaten carbohydrate because trade-off between fecundity and longevity is mostly mediated by protein intake at low total intake values. As in experiment 1, to test if the evolved intake targets evolved were adaptive we performed competition experiments. Agents that had evolved in either no or high extrinsic mortality environments where placed together in no or high extrinsic mortality environments. On average, the sub-population that had evolved in the matching extrinsic mortality level outcompeted the other population (figure 7).
Discussion
We have developed an ABM incorporating principles from the GFN to explore how the evolution of macronutrient appetites may facilitate the optimization of negatively covarying life-history traits, here lifespan and fecundity. Historically, explanations for trade-offs between these two traits have involved the disposable soma theory, in which the tradeoffs are caused by among-trait competition for a single limiting resource (usually energy) [2] . Here, we instead use the GFN to represent resources in two nutritional dimensions, representing protein, carbohydrate and their balance. The two traits are maximized at separate points in this nutritional space which forces a trade-off, a pattern observed in numerous organisms [12] [13] [14] .
It is important to note that recent experimental evidence suggests that a trade-off between these traits in nutrient space is not necessarily inevitable. Both fecundity and longevity can be optimized in the same portion of nutritional space for fruit flies by providing an optimum ratio of dietary amino acids [35, 36] . However, in nature, animals are rarely, if ever, presented with individual amino acids from which to construct a diet. Rather, amino acids and other important nutrients are obtained as packages in foods at specific ratios. This represents an ecological constraint that forces a segregation of life-history traits in nutrient space (e.g. sugars and yeast in the case of the fruit fly [7] ).
We have shown that organisms can evolve the nutritional state they attempt to maintain, so as to affect the trade-off between longevity and fecundity in response to an environmental factor, here extrinsic adult mortality. The model displayed evolutionary behaviour that was consistent with that theorized to be optimal, and which has been demonstrated empirically, [7, 18] . Specifically, we found that increased adult extrinsic mortality led to the agents favouring intake of nutrients that increase the reproductive rate, at the expense of reduced longevity.
For selection on the nutrient intake to facilitate the evolution life-history traits, it is necessary that the intake target be variable, heritable and ultimately evolvable. There is strong evidence for this in invertebrates [37] . In southern Figure 7 . Change in the frequency of two populations (12 500 agents per population) with intake targets that had evolved in response to no and high extrinsic mortality placed in a common environment with (a,c) no extrinsic mortality and (b,d) high extrinsic mortality. In (a,b), we assume a simple trait landscape (figure 1b). In (c,d), we assume a trait landscape based on Drosophila ( figure 1c) . In all cases, we assume a randomly generated spatial environment (figure 3c [40] . This study also identified specific loci that affected mean, variance and both mean and variance in intake volume [40] . Several of the identified genes have mammalian orthologues that are involved in feeding behaviours such as ingestion and post-prandial food intake.
The existence of these orthologues show that this level of heritability is likely not limited to invertebrates. These estimates of heritability are not insubstantial and are comparable in magnitude to values for the underlying life-history traits themselves. Estimated longevity heritability for fruit fly ranges from H 2 ¼ 0.14 to H 2 ¼ 0.22 [41, 42] , and that for heritability of fecundity is up to H 2 ¼ 0.53 [43] .
The model's qualitative predictions can readily be tested. Stearns et al. tested the effect of external adult mortality on the fecundity and longevity of Drosophila. They demonstrated that there can be a differential selection on longevity and fecundity as a function of extrinsic mortality. In these experiments, extrinsic mortality was varied by removing a certain proportion of the adult population at random, exactly analogous to the method used in our model. Fruit flies are known to maximize fecundity and longevity at different P : C ratios [7] . Thus, we suggest that flies should be subjected to high and low extrinsic mortality selection regimes, with free access to high-protein and high-carbohydrate foods. As well as measuring life-history parameters at some regular generational interval, a food-choice assay should be done to determine any changes in intake target. Our model predicts that the intake target of the fruit flies should evolve to shift to a higher P : C ratio in the high extrinsic mortality environment than in the low extrinsic mortality environment. Additional parallel selection lines in which animals are offered only single foods with a fixed P : C ratio could establish whether the rate of evolution in life-history traits differs when selection on the intake target is constrained.
The model can be extended to address further questions about trade-offs among additional life-history traits and the role that macronutrient appetites can play in their evolution. For instance, by allowing growth rate, and age and size at maturity of agents to vary as a function of nutritional state, we can test evolutionary responses to different environmental stressors hypothesized to affect these traits. For example, the literature suggests that where nutrients are severely limited for a period during early development, animals subsequently increase developmental rates (termed catch-up growth; [44] ). However, this rapid growth may be associated with increased rates of developmental error, and consequently reduced longevity.
The qualitative outcomes of an ABM may depend on whether the spatial element is explicitly modelled. For instance, in simulations where agents evolve strategies to compete for limiting resources, there can be differing numbers of evolutionarily optimal strategies within non-spatial, and spatially explicit models [45] . Additionally, the evolved optima themselves may be completely different with the inclusion of a spatial element [46, 47] . Here, however, we have demonstrated that our model's results are robust to spatial effects by introducing randomly generated heterogeneous environments, an important factor in any environment being modelled [48] .
There has been interest in the development of an ABM that combines explicit nutritional, spatial and evolutionary factors to answer complex evolutionary questions [23] . A few such models have been developed previously, although this is the first to model fitness not as a single value but as an emergent property of the combination of key life-history traits, longevity and fecundity. We have shown that where these two traits are functionally separated in nutritional space, the trade-off between traits can be optimized in response to environmental change through the evolution of target intake nutrients.
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